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Abstract: The increasing importance of lignocellulosic biomass based energy production has led to an
urgent need to conduct a reliable resource supply assessment. This study analyses and estimates the
availability of agricultural residue biomass in Beijing, where biomass energy resources are relatively
rich and is mainly distributed in the suburbs. The major types of crops considered across Beijing
include food crops (e.g., maize, winter wheat, soybean, tubers and rice), cotton crops and oil-bearing
crops (e.g., peanuts). The estimates of crop yields are based on historical data between 1996 and 2017
collected from the Beijing Municipal Bureau of Statistics. The theoretical and collectable amount
of agricultural residues was calculated on the basis of the agricultural production for each crop,
multiplied by specific parameters collected from the literature. The assessment of current and near
future agricultural residues from crop harvesting and processing resources in Beijing was performed
by employing three advanced modeling methods: the Time Series Analysis Autoregressive moving
average (ARMA) model, Least Squares Linear Regression and Gray System Gray Model (GM) (1,1).
The results show that the time series model prediction is suitable for short-term prediction evaluation;
the least squares fitting result is more accurate but the factors affecting agricultural waste production
need to be considered; the gray system prediction is suitable for trend prediction but the prediction
accuracy is low.
Keywords: agricultural biomass; bioenergy; prediction; Beijing
1. Introduction
Biomass, as an important alternative energy source to conventional fossil fuels, has received major
interest in recent years due to the progressive exhaustion of fossil fuels and the continually increasing
demand for energy on a global level [1]. Biomass has a high potential to reduce greenhouse gas
emissions while minimizing environmental pollution [2]. However, the amount of biomass supplies
presents a large degree of uncertainty due to raw material cost fluctuations, variations in biomass
seasonality and so forth. In order to evaluate the feasibility of introducing biomass-derived energy
applications, it is necessary to conduct an assessment of the resources and their availability [3].
As one type of renewable energy, agricultural residue has been widely seen as an effective
substitute for conventional fuels such as petroleum, gas and coal [4,5]. Collection of agricultural waste
for bioenergy use and promotion is one of the most important state affairs [6,7]. Various methods have
been proposed on the availability of different biomass resources in the literature. Gonzalez-Salazar et al.
proposed a new method to determine key variables by using sensitivity analysis and probabilistic
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propagation of uncertainty and the method was applied to energy scenarios in Colombi. The proposed
method significantly reduced the predicting uncertainty of both theoretical and technical biomass
potential [8]. Maqhuzu et al. devised a quantification method that included the application of a
probability distribution to strictly handle the uncertainty when quantifying the biomass and was
simulated 100,000 times with the Monte Carlo method. The results showed a lower potential than
previous estimates by employing the stochastic model instead of deterministic models [9]. Moreover,
an integrated assessment method for understanding the availability and utilization potential of different
biomass resources was presented by Hossenet et al. [10]. A novel feature of the developed method
is the unconventional quantitative assessment of major biomass resources, which were previously
ignored [10]. Welfle et al. determined the most promising indigenous biomass resources for the UK
bioenergy industry and assessed the impact of different supply chain drivers on biomass availability
with “A Biomass Resource Model,” which can simulate the whole system dynamics of biomass supply
chains [11]. Vávrová et al. proposed an integrated method for empirical data (GIS) and detailed
spatial data to assess both standard and additional biomass potential. The results showed that
biomass potential from forest land and agriculture can be increased significantly in the short term [12].
According to the state of the technology, by defining explicit and rationale restrictions on sustainable
bio-energy industry, Burg et al. estimated the potentially available woody and non-woody biomass
resources for bioenergy in Switzerland using bottom-up approaches, which can be transferred to other
study areas based on the local situation and available data [13]. Zhang et al. first used a quantitative
universal exergy to evaluate the woody biomass potential and its impact on the environment [14].
Brahma et al. proposed a species-specific power-law model for rubber trees, which predicted biomass
availability more precisely than universal models [15]. Chinnici et al. evaluated the potential available
quantities of five types of agricultural waste in Sicily. The evaluation was based on statistics by
applying parameters derived from the literature and direct research [1].
There are many proposed models and prediction models used for the assessment of potential
biomass energy production in China as well. Ji conducted an assessment of agricultural residue
resources and forecast the corresponding theoretical output in the near future using an artificial neural
network (ANN) model for liquid biofuel production in China [16]. Zhao predicted the potential
biomass production from 2030–2050 in China, based on the resource availability of five sources:
agricultural crop residues, forest residues and industrial wood waste, energy crops and woody crops,
animal manure and municipal solid waste [17]. Zhang et al. established the Long-range Energy
Alternative Planning System (LEAP)-Beijing model for the medium-to-long-term greenhouse gas
(GHG) emissions prediction in Beijing [18]. Hao et al. reviewed the current status, future potential and
policy implications of biofuel for vehicle use in China [19]. Qin et al. performed a review of bioenergy
resources from existing conventional crop (e.g., corn, wheat and rice) residues and energy crops (e.g.,
Miscanthus) and the impacts of biofuel production on ecosystem services based on the biofuel’s life
cycle analysis [20]. Chen employed a mathematical programming model to estimate the economic
potential of biomass supply from crop residues in China. The results showed that the crop residues
supply relies on the yields and production costs of crop residues and biomass prices [21].
Agricultural residues play an important role in China’s biomass feedstocks because China is a
vast agricultural country. However, direct combustion is still the main use of agricultural residues,
especially in China’s rural areas. The ineffective use of agricultural residues leads to many problems.
This study analyses the availability of agricultural biomass for energy use in Beijing, China, and in
particular to be used for the production of biofuel. Advanced modeling methods, including the Time
Series Analysis ARMA model, Least Squares Linear Regression and Gray System GM (1,1), are used
for the prediction of biomass.
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2. Methodology
2.1. The Resource Base
Among Beijing’s renewable energy resources, according to the preliminary surveys [2,22,23],
the availability of biomass energy accounts for the highest proportion, which is 39.5%, followed by solar
energy (31.9%) and geothermal energy (27%), respectively [23]. Beijing’s biomass energy resources are
relatively rich, and are mainly distributed in the suburbs and the biomass energy type mainly includes
agricultural waste, forestry waste, fecal residue, waste water and household garbage [24].
The estimate of biomass for the various categories of matrices used in Beijing was made by
determining the potentially available quantity according to the type of biomass considered, which are
agricultural residues from crop harvesting and processing for the present study.
In this study, the definition of agricultural residues is clarified as the total byproducts of field
production (field residues hereafter) and the processing industry (process residues hereafter) [25].
Field residues are materials left in an agricultural field after the crop has been harvested and usually
include straw, stalks, stubble, leaves seed pods and so forth. Process residues are materials left after the
crop is processed into a usable resource and usually include husks, seeds, bagasse, molasses and roots
and so forth. [23]. The major types of crops across Beijing include food crops (e.g., maize, winter wheat,
soybean, tubers and rice), cotton crops and oil-bearing crops (e.g., peanuts). The theoretical maximum
potential of crop residues can be estimated on the basis of the agricultural production for each crop,
multiplied by specific parameters. The specific parameter refers to average Residue-to-Product-Ratios
(RPR) for field residues or the process residue index (PRI) for process residues. Both are collected from
the literature. The agricultural production for each crop can be sourced from Beijing Municipal Bureau
of Statistics [26].
However, not all theoretical maximum potentials of crop residues were available. The residue
availability varies significantly with climatic conditions and local agricultural practices [27,28].
These factors have to be taken into consideration when estimating the available supply of residue
biomass. A collectable coefficient was defined for each crop, to incorporate the impact of all these
factors. The quantity of the potentially available plant waste was a sum of the theoretical maximum
potential of crop residues multiplying the collectable coefficient for each crop.
2.2. Advanced Modeling
This section will focus on the introduction of the Time Series Analysis ARMA model, Least Squares
Linear Regression and the Gray System GM (1,1), which are used for the prediction of residue biomass
in the future. They are all computational methods and useful empirical tools. Taking into account the
special nature of crop straw yield influenced by historical data, the time series Analysis ARMA model
can provide robust, stable and accurate prediction results in short- and medium-term forecasting.
In addition, from the historical data, it is found that there is a strong positive correlation between
sowing area and the yield of crop straws. Thus, the prediction using least squares linear regression can
obtain more accurate results compared with actual values. The Gray system GM (1,1) is more suitable
for long term forecasting with cases of incomplete data or without regularity to conform to. In this
study, MATLAB 2014b is employed for the analysis.
2.2.1. Time Series Analysis ARMA
In the analysis of a time series containing relevant information, pre-processing of the data is
necessary, followed by observing whether it can be identified as a stationary non-white noise sequence.
If it is, an ARMA model is established to fit the sequence and extract useful information [29]. In this
study, the classical time series model predicts the future trend of agricultural residue production from
the historical laws of crop production. Due to changes in crop production over time and the special
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characteristics of current changes in quantity affected by that in previous periods, the autoregressive
model is used to predict crop production in subsequent periods:
Yt = aYt−1 + b (1)
where Yt is the predicted value of straw yield at time t, Yt−1 is the observed value of straw yield at
time t − 1, a is the autocorrelation coefficient and b is the random disturbance.
2.2.2. Least Squares Linear Regression
Least squares linear regression is a computational method for studying the correlation between two
variables. This method divides variables into independent and dependent variables. By establishing
a linear relationship between independent and dependent variables, the intrinsic rules between the
variables are revealed and the observed values of the dependent variables are predicted based on the
given observed values of the independent variables [30]. In this study, the crop area (in thousands of
hectares) is set as an independent variable and the crop yield (in ten thousand tons) is the dependent
variable. The assumed model is expressed as:
Y = aX + b (2)
where X is the area planted for a certain crop in a given period, Y is the predicted value of the straw yield
of a certain crop in a certain period, a is the slope of the linear fit and b is the corresponding intercept.
2.2.3. Gray System GM (1,1)
If the information and features in a system are partially known and partially unknown, the system
is a gray system. Most traditional statistical forecasting models require a certain number of historical
data, which may not be completely available in many practical situations. The Gray system is suitable
for cases of irregular or incomplete information [31]. In this study, the Gray system GM (1,1) is used to
predict crop yield. The Gray system theory takes all random numbers as gray numbers, which will be
analyzed using data processing methods to find the inherent rules between data. A new data sequence
will be created through the processing of known data to study the regularity of the data. The essence
of the Gray system theory is to accumulate irregular raw data for data sequence and then re-mode it.
The gray differential equation model of GM (1,1) is:
x(0)(k) + az(1)(k) = b (3)
where x(0)(k) is the gray derivative, a is the development coefficient, z(1)(k) is the whitening background
value and b is the gray action amount.
From the above, we can see that different forecasting methods have different characteristics and it
is difficult to clarify which method is the best. In practice, it is necessary to select a reasonable method
based on data types and characteristics and the applicable conditions of different methods. Moreover,
the combination of different prediction methods supplies a gap to a single method.
2.3. Data Collection
Crop residue yields varied for each crop depending on genotype and environmental factors [32].
Therefore, the Residue to Product Ratio (RPR) for field residues and Process Residue Index (PRI) for
process residues were set as a range in literature, not a constant. For example, Guo et al. presented a
series of range values of process residues factors for different crops [33]. Table 1 gives an overview of
various averaged estimates for yields of crop residues as available from the literature.
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Table 1. Residue to Product Ratio (RPR) and Process Residue Index (PRI) for major crops in Beijing.
Major Crops RPR PRI
Rice 2 [34,35] 0.18 [33]
Wheat 1 [34,35] n/a
Maize 2 [34,35] 0.16 [33]
Tubers 1 [34,35] n/a
Beans 1.5 [34,35] n/a
Cotton 3 [36] 0.47 [33]
Peanuts 2 [36] 0.27 [33]
Table 2 presents the yields of main agricultural products of different crops from 1996–2017 collected
from the China Municipal Bureau of Statistics [37].
Table 2. Agricultural yield (104 t) of main crops from 1996–2017.
Year Rice Wheat Maize Tubers Beans Cotton Peanuts
1996 16.00 93.90 119.70 2.60 2.30 0.25 2.88
1997 15.80 96.40 118.90 2.40 2.30 0.22 2.69
1998 13.30 96.70 122.60 2.30 2.50 0.18 2.78
1999 12.90 95.50 86.70 2.40 2.00 0.19 2.70
2000 9.36 66.86 58.70 3.02 4.71 0.16 3.36
2001 4.30 36.60 53.90 3.50 4.80 0.34 4.13
2002 2.90 24.30 46.10 3.70 3.50 0.35 4.58
2003 1.01 18.41 32.20 2.88 2.82 0.34 3.26
2004 0.50 20.26 43.51 2.21 2.98 0.78 2.86
2005 0.46 26.74 62.58 2.10 2.30 0.21 2.46
2006 0.43 30.01 72.91 2.58 2.49 0.22 2.14
2007 0.32 20.39 76.54 2.86 1.45 0.20 2.17
2008 0.30 32.74 87.97 1.88 1.91 0.14 2.13
2009 0.24 30.95 89.76 1.66 1.49 0.08 1.77
2010 0.19 28.38 84.17 1.36 1.07 0.05 1.50
2011 0.15 28.37 90.34 1.28 1.08 0.05 1.32
2012 0.13 27.44 83.58 1.22 0.89 0.03 1.24
2013 0.13 18.70 75.18 0.78 0.80 0.015 0.91
2014 0.13 12.20 50.04 0.68 0.60 0.011 0.61
2015 0.14 11.09 49.45 0.84 0.65 0.010 0.52
2016 0.12 8.54 43.19 0.87 0.44 0.006 0.44
2017 0.07 6.16 33.21 0.61 0.47 0.002 0.53
As seen from Table 2, it is found that the agricultural yields decrease dramatically from the years
before 2000 to the years after it, especially for three cereal crops (rice, wheat and maize). The other
crop types do not show obvious fluctuations and change smoothly. The trend of decreasing may
be due to the policy of returning farmland to forest and grass, which started in practice since 2000
and almost finished in 2004. Therefore, three mean values (low, medium and high) of agricultural
yields are calculated, as shown in Table 3. The three mean values are corresponding to three time
phase: 2004–2017 (after the policy is finished), 2000–2017 (the policy started in practice) and 1996–2017.
The average yields were used as the baseline crop yields data for further analysis. Note that exceptions
exist for maize, of which the medium value is the smallest. For cotton, the medium and high values
are equal.
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Table 3. Averaged agricultural yields (104 t) of different crops.
Mean Rice Wheat Maize Tubers Beans Cotton Peanuts
Low (2004–2017) 0.24 21.57 67.32 1.50 1.33 0.13 1.47
Medium
(2000–2017) 1.16 24.90 62.96 1.89 1.91 0.165 2.00
High (1996–2017) 3.59 37.76 71.87 1.99 1.98 0.174 2.14
In the literature, a collectable and usable coefficient was used to estimate the collectable and
utilizable amount of agriculture residues as a bioenergy resource [23]. In this study, the collectable
coefficient of 23.9% [23] was used.
3. Results and Discussion
3.1. Current Availability of Agricultural Residues
The theoretical maximum potential (Table 4) and collectable potential (Table 5) availability of
crop residues were estimated based on the methods described and the data collected in the previous
sections. From the two tables we can see that maize contributes the largest amount of residue, ranging
from 142 × 104 t to 162 × 104 t (theoretical maximum potential) and 34 × 104 t to 38 × 104 t, followed
by wheat.
Table 4. The theoretical maximum potential availability (104 t) of crop residues.
Crop Types Residue Types
Mean
Low Medium High
Rice
Field residues 0.47 2.32 7.17
Process residues 0.04 0.21 0.65
Total 0.52 2.53 7.82
Wheat Field residues 21.57 24.90 37.76
Maize
Field residues 134.63 125.93 143.75
Process residues 10.77 10.07 11.50
Total 145.40 136.00 155.25
Tubers Field residues 1.50 1.89 1.99
Beans Field residues 2.00 2.87 2.97
Cotton
Field residues 0.38 0.50 0.52
Process residues 0.06 0.08 0.08
Total 0.44 0.57 0.60
Peanuts
Field residues 2.94 3.99 4.27
Process residues 0.40 0.54 0.58
Total 3.34 4.53 4.85
3.2. Future Availability of Agricultural Residues with Different Prediction Methods
3.2.1. Prediction Results of Time Series Analysis
The raw crops’ yield data cannot be used directly in Time Series Analysis and a pre-processing
of the data is necessary to fit it to different forecast forms. The analysis reveals that the methods
of logarithmic processing, smoothing treatment and weakening treatment fit well for rice yield.
The prediction results on wheat, maize, tuber, beans and grain in total using smoothing treatment are
the best and for cotton and peanut smoothing and logarithmic processing are the best. The analysis
results using the ARMA model on different crops are shown in Table 6 and Figure 1. Since all collected
data are used for the model construction, we plot the prediction curve of the past years and that of the
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real values in one figure for demonstration, as shown in Figure 1. The goodness of fit is measured by
three useful indexes: data similarity, FPE and MSE, as shown in Table 6.
Table 5. The collectable potential availability (104 t) of crop residues.
Crop Types Residue Types
Mean
Low Medium High
Rice
Field residues 0.11 0.55 1.71
Process residues 0.01 0.05 0.15
Total 0.12 0.60 1.87
Wheat Field residues 5.16 5.95 9.02
Maize
Field residues 32.18 30.10 34.36
Process residues 2.57 2.41 2.75
Total 34.75 32.50 37.10
Tubers Field residues 0.36 0.45 0.48
Beans Field residues 0.48 0.69 0.71
Cotton
Field residues 0.09 0.12 0.12
Process residues 0.01 0.02 0.02
Total 0.11 0.14 0.14
Peanuts
Field residues 0.70 0.95 1.02
Process residues 0.09 0.13 0.14
Total 0.80 1.08 1.16
Table 6. Prediction results on crop yields using the ARMA model.
Parameter Rice Wheat Maize Tubers Beans Cotton Peanuts TotalGrain
Order p 1 2 3 3 3 1 3 3
Order q 3 3 3 3 2 1 3 3
Data similarity (%) 95.76 92.08 82.60 89.31 76.15 70.48 88.57 93.16
FPE 0.0942 5.855 7.661 0.0147 0.0193 0.0025 0.0095 12.77
MSE 0.0598 5.43 17.9 0.0081 0.0715 0.0019 0.0153 14.7
Avg. relative error
r (1996–2017) 0.108 0.070 0.077 0.040 0.126 0.207 0.051 0.052
The method to determine the order of the ARMA model is very complicated. First, calculate the
Green’s function expression and the variance of the data. Then, derive the autocorrelation coefficient
and the partial autocorrelation coefficient of the data. The values of p and q in Table 6 are determined
by observing the trailing and tailing properties of the autocorrelation coefficient and the partial
autocorrelation coefficient. Because the calculation involved is very complicated, the intermediate
process is not included in our study. The relevant parameters’ values are given by computer. In addition,
since we focus on the prediction results, the coefficients of the AR and MA models are not presented.
Instead, we plotted the prediction curves (Figure 1) directly to make it easy to understand. The t-test
and significant values are intermediate steps in the modeling process and are excluded from this study.
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3.2.2. Least Squares Analysis
Take the sown area (in thousands of hectares) as the independent variable and the crop yield (in
ten thousand tons) as the dependent variable, the two variables show a linear relationship, as described
in Figure 2. MATLAB 2014b is employed for the analysis. Note that the autocorrelation of the random
error term follows the general assumption that the random error term obeys the normal distribution
and E (εi) = 0.Energies 2019, 12, x FOR PEER REVIEW 9 of 14 
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3.2.3. G (1,1) odel
The prediction of crop yield with GM (1,1) from 2016–2025 is presented in Table 7. The prediction
is also performed in MATLAB 2014b.
Table 7. Prediction of crops yield (×104 t) from 2016 to 2025 with GM (1,1) model.
Year Rice Wheat Maize Tuber Beans Cotton Peanuts Total Grain
2016 0.01947 13. 2 63.87 0.95 0.75 . 1.21 73.01
2017 0.01362 12.34 63.40 0.89 0.69 0.00645 1.14 70.26
2018 0.00953 11.54 62.92 0.83 0.63 0.00381 1.07 67.65
2019 0.00666 10.81 62.46 0.77 0.58 0.00214 1.01 65.15
2020 0.00466 10.14 62.00 0.72 0.53 0.00113 0.95 62.77
021 0.00326 9.53 61.54 0.67 0.48 . 056 0.8 60.49
022 0.00228 8.97 61.08 0.63 0.44 . 25 0.84 58.32
2023 0.00160 8.46 60.63 0.59 0.41 0.00011 0.79 56.24
2024 0.00112 7.99 60.19 0.55 0.37 0.00004 0.74 54.25
2025 0.00078 7.56 59.75 0.51 0.34 0.00001 0.70 52.36
The forecast trends for each crop and total grain are shown in Figure 3.
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Table 8. Parameters setup on crops yield prediction with the GM (1,1) model.
Rice Wheat Maize Tuber Beans Cotton Peanuts Total Grain
Parameter a 0.09 0.03 0.00 0.02 0.02 −0.10 0.06 0.01
Parameter b 2.31 4.50 4.31 1.41 1.46 −0.52 4.22 5.16
Avg. relative error
r (1996–2017) 0.45 0.34 0.30 0.22 0.28 0.57 0.28 0.28
3.2.4. Discussion
In the time series analysis ARMA model, without considering the impact of external factors (e.g.,
climate, significant policy), there exist shortcomings of the prediction error. When external factors
change dramatically, a large deviation will occur and thus, the time series prediction method is more
suitable for short-term predictions rather than long-term ones, as shown in Figure 1. The least squares
approach takes one extremely important factor for crop yields—sown area—into account. As shown in
Figure 2, the sown area has a strong positive correlation with the yield of crops, regardless of the crop
types. Therefore, the advantage of this method is that the prediction of crop yields can be made based
on the linear function as shown in Figure 2, with tiny prediction errors, given the crop sown areas.
From Figure 2, it is also found that the relationship between total grain production and the area of
sowing is weak, which may be caused by the varieties of the crops. Therefore, for the prediction of total
grain, the least squares linear regression is no longer suitable or more factors should be considered into
the linear regression to reduce the prediction error.
The crop yields can be predicted for a longer period by using the gray model and the results are
consistent with the future development trend, as presented in Figure 3. Therefore, this prediction
method can be used for long-term forecasting under the circumstances that there is no discernible
pattern to follow. However, because the GM (1,1) model studying the data pattern of change through
the data itself only, and did not consider the impact of other factors on crop yields, the resulted
prediction chart is close to a smooth straight line, either higher or lower than actual values. Moreover,
this method fits poorly to the data with large random volatility and the prediction accuracy is low.
Therefore, it is recommended that the ARMA and least squares approaches are more suitable for short
term prediction, while the gray model is better for long term prediction.
4. Conclusions
A multitude of security concerns and societal issues, including heavy air pollution, climate
change and high dependence on crude oil imports, have stimulated research into finding substitutes
from renewable biomass. China, as the biggest agricultural country in the world, has abundant
biomass from agricultural residues, which will play an important role in meeting liquid fuel demand
in China, especially with the passing of China’s legislative targets for renewable portfolio standards.
In this study, an assessment of current and near future agricultural residues from crop harvesting
and processing resources in Beijing, China, was performed by employing three advanced modeling
methods. The theoretical and collectable amount of agricultural residues was calculated. The results
show that the time series model prediction is suitable for short-term prediction evaluation; the least
squares fitting result is more accurate but the factors affecting agricultural waste production need to be
considered; the gray system prediction is suitable for trend prediction but the prediction accuracy is low.
The quantitative appraisal of available biomass lays out conditions for future studies on estimating the
energy obtainable and for assessing the feasibility of using agricultural residue biomass available as an
alternative energy source.
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